Background: Breast tumor heterogeneity is related to risk factors that lead to worse prognosis, yet such heterogeneity has not been well studied. Purpose: To predict the Ki-67 status of estrogen receptor (ER)-positive breast cancer patients via analysis of tumor heterogeneity with subgroup identification based on patterns of dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI). Study Type: Retrospective study. Population: Seventy-seven breast cancer patients with ER-positive breast cancer were investigated, of whom 51 had low Ki-67 expression. Field Strength/Sequence: T 1 -weighted 3.0T DCE-MR images. Assessment: Each tumor was partitioned into multiple subregions using three methods based on patterns of dynamic enhancement: 1) time to peak (TTP), 2) peak enhancement rate (PER), and 3) kinetic pattern clustering (KPC). In each tumor subregion, 18 texture features were computed. Statistical Testing: Univariate and multivariate logistic regression analyses were performed using a leave-one-out-based cross-validation (LOOCV) method. The partitioning results were compared with the same feature extraction methods across the whole tumor. Results: In the univariate analysis, the best-performing feature was the texture statistic of sum variance in the tumor subregion with early TTP for differentiating between patients with high and low Ki-67 expression (area under the receiver operating characteristic curves, AUC 5 0.748). Multivariate analysis showed that features from the tumor subregion associated with early TTP yielded the highest performance (AUC 5 0.807) among the subregions for predicting the Ki-67 status. Among all regions, the tumor area with high PER at a precontrast MR image achieved the highest performance (AUC 5 0.722), while the subregion that exhibited the highest overall enhancement rate based on KPC had an AUC of 0.731. These three models based on intratumoral texture analysis significantly (P < 0.01) outperformed the model using features from the whole tumor (AUC 5 0.59). Data Conclusion: Texture analysis of intratumoral heterogeneity has the potential to serve as a valuable clinical marker to enhance the prediction of breast cancer prognosis.
recurrence. Recent studies have suggested that ER-positive breast cancer patients with lower Ki-67 levels (less than 14%) more often achieve a pathological complete response (pCR), [2] [3] [4] whereas those with higher Ki-67 levels are more likely to have a poor prognosis 5, 6 associated with worse survival outcomes in early breast cancer. 7 The Ki-67 index has also been used as a proliferation marker to distinguish between the luminal A and luminal B molecular subtypes of ER-positive breast cancer. 8 Moreover, this prognostic indicator reflects the extent of proliferative activity, an indicator of tumor aggressiveness, 9 and is a reliable identifier of more aggressive growth of breast cancers. 5 Therefore, accurate identification of Ki-67 status is of vital importance for the prognostic analysis of breast cancer. Heterogeneity is a common finding in many tumors, including breast cancer. [10] [11] [12] [13] Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) has been employed to evaluate the extent of tumor angiogenesis and tumor heterogeneity by analyzing patterns of enhancement. 14, 15 Many studies have explored heterogeneous enhancement patterns in DCE-MR images within the entire breast tumor to build predictive models of tumor subtypes based on the quantitative evaluation of contrast enhancement. [16] [17] [18] [19] [20] [21] Shin and Kim identified DCE-MRI kinetic parameters associated with Ki-67 proliferation status in patients with ER-positive breast cancer. 22 A recent study performed quantitative heterogeneity analyses, such as firstorder statistics and analysis of shape and morphology, texture, and geometry, indicating candidate MRI biomarkers for classifying HER2 status. 23 Related studies have utilized gray-scale correlation matrix (GLCM) textures of DCE-MRI, which exhibited correlations with the high and low OncotypeDX risk categories for ER-positive cancers. 18, 24 The above analyses of enhancement patterns in DCE-MRI have provided useful information for measuring the extent of heterogeneity in the whole tumors. However, studies have suggested that intratumoral regions display distinct dynamic patterns, which reflect differing fundamental biological processes and differing prognostic potentials, 12 and could also possess valuable information that is not effectively captured by radiomic analysis of the entire tumor. [25] [26] [27] Present studies of intratumoral analyses mainly focus on discriminating between patients who are responsive or nonresponsive to pathological neoadjuvant chemotherapy. [27] [28] [29] Few studies have examined radiomic features inside tumors for molecular subtype classification. 26, 30 Whether a regional analysis within the tumor could be more informative than an analysis of the entire tumor remains unclear. The purpose of this work was to evaluate the potential for predicting Ki-67 proliferation status based on quantitative image features extracted from tumor subregions related to various dynamic enhancement patterns in DCE-MRI.
Materials and Methods

Patient Cohort
The image data collection protocol was approved by the Institutional Review Board (IRB) with all patient information removed. Since this was a retrospective study, the requirement for informed research consent was waived by the IRB. We initially assembled an image dataset of 148 patients between January 2013 and May 2015. All patients had biopsy-proven breast cancer and underwent breast MRI for preoperative staging. Patients without pathologic examination or incomplete pathological data (n 5 23) were excluded from the dataset. Twenty patients who received radiotherapy or chemotherapy before MR examination were also eliminated from the dataset. In addition, 28 patients with ER-negative results were excluded. The final dataset included 77 ER-positive breast cancer patients for analysis.
Pathologic Assessment
The expression levels of ER, progesterone receptor (PR), HER2, and Ki-67 in each patient with invasive breast cancer were determined using streptavidin-peroxidase (SP) immunohistochemistry (IHC). A sample was scored as ER-and/or PR-positive when at least 1% of the tumor cell nuclei showed staining for ER or PR. 31 A sample was considered positive if the Ki-67 level was greater than 14% and was otherwise considered negative.
MR Image Acquisition
DCE-MRI was performed at 3.0T using a Siemens Magnetom Verio 3.0 T MRI scanner (Siemens Medical Solutions, Erlangen, Germany). All patients were scanned in the prone position with a dedicated eight-channel double-breast coil (Siemens Medical Systems). In each MRI examination, a precontrast series of fatsaturated T 2 -weighted 3D images was initially scanned and acquired, followed by fat-suppressed T 1 -weighted imaging. After the intravenous injection of a contrast agent at 2 mL/sec with a dose of 0.2 mmol per kg body weight, five postcontrast scans were acquired. The first postcontrast sequence was acquired 60 seconds after contrast agent injection, and the five series were sequentially performed at a time interval of 30 seconds. The parameters were as follows: repetition time (TR) 5 4.5 msec, echo time (TE) 5 1.6 msec, flip angle 5 108, field of view (FOV) 5 340 3 340 mm, parallel imaging factor 5 2, and slice thickness 5 2.4 mm. The acquisition matrix was 896 3 896 with a spatial resolution of 0.38 3 0.38 3 2.4 mm.
Image Preprocessing
The location of the center of the suspicious breast tumor was first annotated in each case retrospectively via consensus between two radiologists (G.S. and J.Z.) with more than 10 years' experience. Image segmentation was performed on the third postcontrast series for all cases. An initial "seed" was chosen using the labeled tumor's center location. After that, a volumetric breast tumor boundary contour was automatically segmented by a spatial fuzzy C-means (FCM) algorithm and subsequently refined by a Markov random field (MRF)-based approach, the parameters of which were adaptively adjusted using segmentation results of contiguous slices. 32 The segmentation results were further examined by manual correction performed by our investigators, which occurred in less than 10% of all the cases. Regarding cases with multicentric or multifocal tumors, the largest tumor was chosen for analysis. The breast MR images acquired from sequential MRI scans were registered as previously reported. 32 
Intratumor Partitioning to Identify Tumor Subregions
To examine the kinetic heterogeneity of a tumor, we grouped tumor voxels into homogeneous clusters according to their kinetic patterns for all slices and analyzed feature statistics within every cluster. To comprehensively characterize intratumor spatial heterogeneity, we performed tumor partitioning based on the values of time to peak (TTP), peak enhancement rate (PER), and kinetic pattern clustering (KPC). An example of the three tumor partition methods is illustrated in Fig. 1 , with one high-Ki-67 case and one low-Ki-67 case. More detailed descriptions of the tumor partitioning methods are provided below.
PER. The PER was evaluated for every voxel, which represented the peak relative enhancement. More specifically, the relative difference in each registered pixel value between image series was calculated using the following equation:
PERðiÞ5max
I T ðiÞ2I 0 ðiÞ I 0 ðiÞ ; T 5f1; 2; 3; 4; 5g;
where I T (i) represents the value of the ith-matched pixel in the Tth image scan (ie, S T ). The PER for each voxel at all slices was categorized into three subgroups, which indicated mild (0-100%), , while the second row shows one low-Ki-67 tumor with the corresponding kinetic curves (from e-h). The first column shows segmented tumors and their kinetic curves (a,e). The second column shows tumor subregions partitioned by PER, with the red, green, and blue colors representing high, moderate, and low levels of PER, respectively (b,f). The third column shows tumors partitioned by TTP, with the red, green, and blue colors representing early, moderate, and late TTP, respectively (c,g). The fourth column shows tumor partitioning by KPC, with the red, green, and blue colors representing high, moderate, and low levels of overall enhancement rates, respectively (d,h).
moderate (100-150%), and high (>150%) enhancement using the subtraction of precontrast and postcontrast T 1 -weighted fatsuppressed images, similar to the method performed in a previous study for the evaluation of background parenchymal signal enhancement ratios. 33 Therefore, we divided breast tumors into three subregions with different levels of PER ( Fig. 1 ).
TTP. The TTP for every voxel at all slices within the tumor represented the time at which peak enhancement was achieved, which was defined with the following equation:
TTPðiÞ5 argmax
where the definition of I T (i) is the same as shown above. We then partitioned the voxels within the tumor based on their TTP values. More specifically, pixel sets at the third, fourth, and fifth series of postcontrast MR images to achieve peak enhancement values were defined as early, moderate, and late TTP, respectively, which was similar to the method described in a previous study. 27 The tumor was therefore partitioned into three regions representing various extensions of TTP value.
KPC. To fully take advantage of features from kinetic curves, we categorized each pixel at all slices in the breast tumor by KPC according to the signal from all the postcontrast series. In particular, unsupervised K-means clustering was used to partition the whole tumor into several spatially distinct subregions, where tumor voxels with similar enhancement patterns were grouped together. 29 For each pixel, the enhancement rates in all five postcontrast series were calculated, as shown in the following equation:
where the definition of I T (i) is the same as shown above. The similarity between each pair of pixels was measured by the Euclidean distance between the vectors, which were obtained from the five enhancement rates (ie, R T (i)). The tumor was therefore segmented using FCM on tumor voxels of DCE-MRI. To determine the number of subregions (ie, the cluster number K), we set K from 2 to 5 and selected the one with the optimal Calinski-Harabasz value, which measures the ratio of the between-cluster variance and the within-cluster variance. 34 Each breast tumor was therefore divided into regions composed of the highest, moderate, and lowest levels of overall enhancement rate.
Feature Extraction
Texture features were assessed using the gray level co-occurrence matrix (GLCM) based on 3D analysis to reflect the shape and/or spatial complexity of the tumor or tumor subregions. 35 Due to the exploratory nature of this study, a wide array of volumetric texture features was computed based on the GLCM (Table 1) . From the registered MRI sequential scans, 18 texture features were extracted from the precontrast, the median (ie, the third), and the last (the Sum entropy Randomness of the sum of gray-levels of neighboring voxels fifth) postcontrast sagittal fat-suppressed T 1 -weighted MR image sequences, which were termed S-0, S-1, and S-2, respectively. We included a precontrast image sequence for analysis because it was previously found to be associated with molecular subtypes of breast cancer.
16,17
Statistical Analysis
Differences in categorical variables (menopausal status, family history, and tumor type) between molecular subtype characteristics were assessed using the v 2 test or Fisher's exact test if the expected frequency in any cell of the table was less than five. Statistical differences in tumor volume between the histopathological groups were evaluated by Student's t-test. Both univariate and multivariate logistic regression analyses were performed to assess the predictive power of individual predictors and their complementary value for classifying tumors into high-or low-Ki-67 expression groups. To reduce the impact of data colinearity on the statistical model for classification, features with high similarity (ie, a correlation coefficient greater than 0.8 with other features) were removed. For each of the two features with high similarity, the average correlations with the other features were calculated, and the feature with the higher correlation was eliminated.
To avoid overfitting of classifiers, a leave-one-out cross-validation (LOOCV) method was used for the statistical model. In each loop of the LOOCV, one sample was retained as the test case, and the other samples were used as the training set. At each LOOCV loop, the feature selection procedure of the stepwise logistic regression model was applied on the training set to produce the optimal subset of features for prediction. The procedure was repeated for all the LOOCV folds, and a classification score was generated for each test case. The importance of image features was evaluated by counting the number of times they were selected over all of the LOOCV loops.
The predictive capability of the proposed imaging predictors was assessed using receiver operating characteristics (ROC) curve analysis and the area under the curve (AUC). To control the false discovery rate (FDR), the Benjamini-Hochberg method was used to adjust for multiple statistical testing. 36 AUCs were compared using a bootstrap test implemented in the pROC package of R program. 37 
Results
Subjects
Patients with Ki-67 expression levels greater than 14% represented 51 (66.2%) of all samples. Statistical tests showed no significant associations between the molecular subtypes and the pathologic conditions (Table 2 ). There were no significant differences in tumor volumes (P 5 0.779) between the high-and low-Ki-67 proliferation status samples.
Univariate Analysis of Image Features in Tumor Subregions
The performance (in terms of AUC) of each individual feature in the entire tumor was evaluated using univariate (Table 3) . However, these results indicated lower discriminative power of these regions compared to analysis of subregions. Table 3 also shows the performance of three best features (in terms of AUC) in various tumor subregions according to the tumor segmentation methods based on TTP, PER, and KPC, along with a comparison against the entire tumor. Among all regions, the areas with high PER and early or moderate TTP showed the highest performance, in which the best three individual features had AUC values ranging from 0.700-0.750. The best single feature was given by the sum variance in the S-1 image sequence on the tumor subregion related to the early TTP value, which yielded an AUC of 0.748 ( Fig. 2 and Table 3 ). In addition, the results showed that individual features extracted from early and moderate TTP areas had significantly better performance (corrected P < 0.05) than those from the whole tumor (Table 3) . Figures 3 and 4 show examples of the best-performing features, ie, sum variance and cluster prominence, which were obtained from tumor subregions related to early TTP and high KPC, respectively. We observed a relatively large difference in these features between the low-and high-Ki-67 tumors, which indicates successful discrimination. However, other examples showed similar values of these features between tumors with low-and high-Ki67 expression, which indicates unsuccessful discrimination between the tumors (Figs. 3 and 4) .
Multivariate Analysis of Intratumoral Image Features to Predict Ki-67 Status
From each partitioned tumor subregion, the performances of multivariate logistic regression model with an LOOCV test, along with a comparison against the entire tumor, are shown in Table 4 and Fig. 5 . In tumor areas related to early Representative texture feature value of sum variance obtained from three tumor subregions. Tumors are partitioned by TTP, with the red, green, and blue colors representing early, moderate, and late TTP, respectively. The sum variance value obtained in subregions related to early TTP is much higher in a low-Ki-67 tumor (a) compared to that in a high-Ki-67 tumor (b). However, another example showed that a similar value of this feature was observed between a low (c) and a high-Ki-67 tumor (d).
FIGURE 4:
Representative texture feature value of cluster prominence obtained from three tumor subregions. Tumors are partitioned by KPC, with the red, green, and blue colors representing high, moderate, and low KPC, respectively. The value of this feature obtained in tumor subregions related to high KPC is much higher in a low-Ki-67 tumor (a) compared to that in a high-Ki-67 tumor (b). However, another example showed that a similar value of this feature was observed between a low (c) and high-Ki-67 tumor (d).
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TTP, a multivariate logistic regression model achieved an AUC of 0.807 6 0.050, which was the best-performing classifier among the three regions, and was significantly higher (P 5 0.0002) than that based on the entire tumor (Table 4 ). In addition, predictive models in tumor subregions related to a high PER level showed AUCs of 0.722 and 0.721 on MR S-1 and S-2 image series, respectively, which are higher than that of the other regions (Table 4) . Finally, the tumor region based on KPC associated with the highest overall voxel enhancement on MR series S-0 yielded an AUC of 0.731, which was the highest among that of the three regions and was significantly higher than that based on the entire tumor (P 5 0.0084).
For each tumor partitioning method, the selection frequencies of each image feature in multivariate classifiers with the best performance among the three subregions are shown in Table 5 . In the predictive model with early TTP tumor area, most (5 out of 6) selected features (ie, cluster prominence, cluster shade, correlation, maximum probability, and difference entropy) were chosen with a high frequency of more than 96%, while the other feature, namely, inverse difference, was selected only once over the 77 loops. Tumor partitioning based on TTP values indicated higher performance and a more stable classifier compared to the other tumor partition methods.
Discussion
In this work, a comprehensive analysis of tumor subregion partitioning methods was conducted to identify intratumoral regions in which imaging GLCM texture features reflecting the spatial heterogeneity of the DCE-MRI signal could be utilized for the prediction of Ki-67 status in ER-positive breast cancer. We found significant correlations between texture features in tumor subregions and Ki-67 proliferation status, in which the tumor region associated with early TTP showed the highest performance for prediction. Our findings suggest that image features extracted in tumor subregions that are related to the most aggressive phenotype of the tumor, rather than the whole tumor, could play a more important role in analysis of prognosis. 27 Our analyses were performed using a retrospectively collected cohort. The whole examination time span for each patient used in this cohort is relatively shorter compared to other studies 22, 29 due to the large volume of clinical MRI examinations (70 patients daily for each machine). To ensure high quality of diagnostic imaging, the temporal and spatial resolution of images used in this study was set to be high. The higher in-plane spatial resolution can aid in finer region segmentation/partition and more accurate feature extraction, including texture analysis. With the high temporal resolution, the kinetic characteristics during the examination could be described more accurately, which may facilitate a better partitioning of tumor subregions. Previous studies have reported that contrast enhancement patterns in intratumoral regions correlated with clinical and histologic features. [27] [28] [29] A related study by Chaudhury et al 26 showed that intratumoral regions with rapid gadolinium washout were associated with ER status and nodal metastasis. A recent study identified intratumoral heterogeneity features for discriminating ER status, HER2 status, and triple-negative molecular subtypes. 30 In our study, a comprehensive analysis of tumor partitioning methods was conducted to identify the effectiveness of these methods. It is interesting to note that the predictive models with higher performances were observed in tumor subregions related to high PER, early TTP, and high overall enhancement rate. A possible explanation is that these tumor subregions potentially reflect angiogenesis, which could be more indicative of aggressive tumor-related Ki-67 proliferation status. 19, 38 Previous studies 16, 29 examined the utility of GLCM-based texture features for predicting breast tumor molecular subtypes or the pathological responses of breast cancer to neoadjuvant chemotherapy. In addition to the texture features utilized in those studies, we further explored additional features, such as cluster prominence and cluster shade, which were among the best performers associated with Ki-67 status. In addition to the contrast enhancement images, we included a precontrast MR series for analysis, which is similar to previous studies. 16, 17 The results showed that, for tumor subregions based on PER or TTP, the best performance was provided on the postcontrast MR series, whereas for tumor subregions based on KPC, the best performance was obtained in the precontrast MR series. In this study the GLCM texture statistics of sum variance and cluster prominence from the early TTP area were among the best-performing individual features, in which a higher level of these features was observed in lower-Ki-67-exprssing patients than in high-Ki-67-expressing patients. The individual texture feature of cluster prominence is a measure of asymmetry; if the cluster prominence value is high, the image is less symmetric. 39 Additionally, this feature was among the best in the tumor subregions related to the highest overall enhancement rate based on the KPC method. For both the tumor partitioning methods of TTP and KPC, this feature showed a selection frequency of 100% during the LOOCV loops, which was significantly better in terms of the AUC value than that obtained for the entire tumor. Moreover, a higher value of difference entropy feature was observed in luminal A tumors than that in luminal B tumors. This feature measures the image heterogeneity, reflecting the randomness of the difference in neighboring voxel gray levels. The feature has relatively high performance for the tumor partitioning methods of PER and was frequently selected by the partitioning methods of TTP and PER. These texture features, which cannot be accurately and reliably evaluated using a visual or subjective evaluation method, could be used as candidate biomarkers for prognosis analysis of breast cancer. This work represents a preliminary analysis of intratumoral imaging features for predicting Ki-67 status. Although some significant findings were discovered, there are several limitations. First, the statistical power was limited due to the relatively small number of samples. For future studies, more samples are being collected to validate and refine the present work. Furthermore, we focused on comprehensive analyses of tumor subregion partitioning and did not examine other types of imaging features, such as the first-order statistical features (eg, skewness and kurtosis), which might be useful for tumor characterization. 23, 40 Finally, it would be interesting to combine DCE-MRI with other imaging modalities such as DW-MRI 22 for further improving the prediction accuracy.
In conclusion, intratumoral partitioning identified breast tumor subregions related to early TTP in which DCE-MRI features were used as predictors specifically for Ki-67 characterization in breast cancer. Further work is needed before these quantitative MRI parameters can be used to facilitate the noninvasive assessment of characteristics of breast cancer in clinical practice.
